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[INTERPRETIVE SUMMARY] 1 
Monitoring the reticuloruminal pH of dairy cattle using bolus devices is becoming increasingly 2 
affordable, but making sense of the resulting mass of data is challenging. "Describing temporal 3 
variation in reticuloruminal pH using continuous monitoring data" by Denwood et al. demonstrates 4 
statistical models that summarize these data into a daily evaluation of the functional state of the 5 
rumen. These summaries are able to predict a future reduction in milk yield and feed intake in 6 
apparently healthy dairy cattle. Development of automated monitoring systems based on this work 7 
could have a large impact on milk production in industrialized settings. 8 
 9 
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ABSTRACT 26 
 27 
Reticuloruminal pH has been linked to subclinical disease in dairy cattle, leading to considerable 28 
interest in identifying pH observations below a given threshold. The relatively recent availability of 29 
continuously monitored data from pH boluses gives new opportunities for characterizing the normal 30 
patterns of pH over time, and distinguishing these from abnormal patterns using more sensitive and 31 
specific methods than simple thresholds. We fit a series of statistical models to continuously 32 
monitored data from 93 animals on 13 farms in order to characterize normal variation within and 33 
between animals. We used a subset of the data to relate deviations from the normal pattern to the 34 
productivity of 24 dairy cows from a single herd. Our findings show substantial variation in pH 35 
characteristics between animals, although animals within the same farm tended to show more 36 
consistent patterns. There was strong evidence for a predictable diurnal variation in all animals, and 37 
up to 70% of the observed variation in pH could be explained using a simple statistical model. For 38 
the 24 animals with available production information, there was also a strong association between 39 
productivity (as measured by both milk yield and dry matter intake) and deviations from the 40 
expected diurnal pattern of pH 2 days prior to the productivity observation. In contrast, there was no 41 
association between productivity and the occurrence of observations below a threshold pH. We 42 
conclude that statistical models can be used to account for a substantial proportion of the observed 43 
variability in pH, and that future work with continuously monitored pH data should focus on 44 
deviations from a predictable pattern rather than the frequency of observations below an arbitrary 45 
pH threshold. 46 
 47 
Keywords:  reticuloruminal pH, acidosis, remote sensing data, statistical model 48 
 49 
  50 
Page 2 of 35
ScholarOne support: (434) 964 4100
Journal of Dairy Science
For Peer Review
 3 
INTRODUCTION 51 
 52 
Assessment of reticuloruminal pH in cattle has been used as an indicator of an excessive intake of 53 
soluble carbohydrate or a shortage of physically effective fiber, and the consequent predisposition 54 
to a range of health problems including ruminitis, liver abscess, left displaced abomasum, diarrhea, 55 
laminitis and poor milk production (Dirksen and Smith, 1987; Nordlund and Garrett, 1997; Garrett 56 
et al., 1999; Plaizier et al., 2008). Evaluation of reticuloruminal pH is therefore of interest, with 57 
most clinicians using a single observation to define the status (Nordlund et al., 1995; Nordlund and 58 
Garrett, 1997). It is now possible to continuously monitor pH values using remote sensing data, but 59 
this generates a large volume of data that can be very challenging to interpret. As a result, 60 
researchers using continuous pH monitoring techniques to investigate diet and acidosis have most 61 
often used average values or threshold approaches for evaluating reticuloruminal pH. For example, 62 
Khafipour et al. (2011) used the overall mean pH for an individual animal over a period of time and 63 
the number of minutes that the pH was seen to be below 5.6. We aim to define and diagnose 64 
abnormal reticuloruminal pH by identifying deviations from normal pH patterns, rather than the 65 
number of observations below a given threshold. In order to achieve this goal, we first require the 66 
range of normal pH conditions to be described and quantified.  67 
 68 
Statistical methods can be used to help quantify and explain some of the observed variability in pH 69 
over time, and may also be able to identify periods of the pH time series that are not broadly 70 
consistent with predictions. These discrepancies can be quantified based on residual variation 71 
between the fitted model and observations. There are several statistical methods that can be used to 72 
deal with time series data with temporal patterns, including recurring temporal patterns with known 73 
frequency, such as predictable daily fluctuations. A descriptive method (such as a linear 74 
decomposition or smoothed average) can be used in order to separate the predictable temporal 75 
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variation from the longer-term patterns in the data. For example, Maatje et al. (1992) modeled the 76 
daily milk yield of dairy cows, which is known to follow a characteristic curve over time (Wood, 77 
1967; Cole et al., 2009), using a simple moving average where significant deviations between the 78 
observed milk yield and the yield predicted by the moving average were considered indicative of 79 
mastitis. More recently, Ostersen et al. (2010) implemented an oestrus detection model based on the 80 
diurnal frequency of individual sows visiting a boar, by dividing the 24 hours of the day into 4 81 
periods of 6 hours and then assigning an expected average frequency per period. 82 
 83 
Another method is to fit a model that includes sinusoidal effects (with known frequency and 84 
varying amplitude and phase shift) in order to account for and analyze the recurring patterns. Fitting 85 
increasing numbers of these sine waves with different frequencies allows any temporally recurring 86 
pattern to be described using the sum of its harmonics, although at the cost of a potentially large 87 
number of degrees of freedom. For example, Madsen et al. (2005) modeled the daily drinking 88 
pattern of weaned pigs using between 1 and 12 harmonic waves implemented within a dynamic 89 
linear model (DLM). The same authors have also shown that significant deviations between this 90 
model and the observed drinking pattern correlate with undesirable events such as diarrhea and herd 91 
management problems (Madsen and Kristensen, 2005). Similarly, Jensen et al. (2017) modeled the 92 
drinking behavior of slaughter pigs using the sum of 3 harmonic waves implemented in a DLM, 93 
with the purpose of detecting diarrhea or pen fouling. 94 
 95 
A third option is to fit 1 or more sine waves at frequencies corresponding to known (or suspected) 96 
biologically relevant influences on the parameter of interest. For example, a sine wave with a 97 
frequency corresponding to a daily cycle over 24 hours could be an appropriate way to deal with 98 
predictable daily variation due to a regular routine. We prefer this option as it allows the most 99 
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intuitive interpretation in terms of biologically relevant factors, and allows for extrapolation to other 100 
herds and animals.   101 
 102 
In this paper, we make use of continuously monitored reticuloruminal pH values obtained from 103 
clinically normal dairy cattle. We first quantify the variation in pH observed within and between 104 
animals and farms using standard linear models, and then more closely examine the subtle 105 
differences in pH patterns using more complex non-linear models applied to the data from each 106 
animal separately. The remaining residual variation is then used to identify periods of abnormality 107 
that can be related to decreased production traits even in these clinically normal cattle. The overall 108 
aim is to produce recommendations and statistical methods for distinguishing ‘normal’ from 109 
'abnormal' when dealing with long-term continuously monitored pH data. 110 
 111 
MATERIALS AND METHODS 112 
 113 
Rumen Bolus Data 114 
 115 
Remotely sensed pH data was obtained from 13 different dairy farms in Germany, with a total of 93 116 
animals. Feeding management was consistent within each herd over the course of the data 117 
collection, and there were no reports or suspicions of either clinical disease or abnormal rumen 118 
function in any of the animals. The dairy farms were divided into those milking 3 times per day 119 
(group A: 8 farms with a total of 45 animals), and those milking twice per day (group B: 5 farms 120 
with a total of 48 animals). The 93 data series (45 from group A and 48 from group B) were first 121 
analyzed together, in order to quantify the importance of the variation between herds and animals, 122 
and then separately to allow the difference in pH patterns between individuals to be explored in 123 
more detail. An overview of the complete procedure is given in Figure 1. 124 
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 125 
Wireless, indwelling rumen pH and temperature-monitoring boluses with a measurement interval of 126 
600 seconds were used in all animals (smaXtec animal care GmbH, Graz, Austria). The pH probes 127 
of the boluses were all calibrated in pH 4 and pH 7 buffer solutions before administration to the 128 
animals per os. Individual pH records were graphically assessed to remove any readings that were 129 
not compatible with rumen conditions (pH ≥ 10 or constant pH) from the beginning and end of the 130 
time series. Additionally, the first 12 hours and the last hour were removed from all data series to 131 
allow calibration time and unreliable readings from failing boluses, respectively. All data series 132 
were limited to a maximum of 50 days of observation, as per the manufacturer’s guarantee. 133 
 134 
Summary Statistics 135 
 136 
Crude summary statistics of mean, variance, 1
st
 percentile and 99
th
 percentile were calculated for 137 
the pH data series from each animal. The effect of farm on the 93 recorded values of these 4 within-138 
animal summary statistics was quantified using 4 separate linear models in R (R Core Team, 2016), 139 
with farm as a fixed effect. 140 
 141 
 142 
Statistical Methods for Combined Data 143 
 144 
The statistical models used to analyze the data were based on sinusoidal functions. The standard 145 
linear formulation of a sine wave is given by: 146 
 sin + 	 =  sin  +  cos  
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Where θ is a known parameter reflecting the time of day that is transformed to the interval [0, 2π], 147 
A is the amplitude, and θ0 is the phase shift. The 2 terms α and β are linear parameters on the 148 
interval (-∞, ∞) that are typically estimated, and are related to A and θ0 by: 149 
 =  + 																 = atan2, 	 
Where atan2 is the 2-argument arc-tangent.   150 
 151 
A fixed frequency of 1 cycle per day was used for the first sine wave to describe diurnal variation.  152 
In addition, a second sine wave with a fixed frequency corresponding to 2 or 3 cycles per day (but 153 
with equal spacing between the times of milking events rather than equal spacing throughout the 154 
day) may be justified in order to explain the influence of farm management factors associated with 155 
the frequency of daily milking. The θ parameter was therefore derived from the time of day in order 156 
to correspond to 2 different hypothesized cyclical events: diurnal variation on a 24-hour cycle, and 157 
cyclical patterns corresponding to each milking event. The total within-day variation was modeled 158 
as the sum of up to 2 separate sine waves that were simultaneously fit using periods of (a) 24 hours, 159 
and (b) 2 or 3 daily milking events (depending on the on-farm milking frequency). The daily 160 
milking events were timed to correspond to unequally spaced milking times, which were 161 
approximated for all farms as 04:30 & 15:30 h for twice daily, and 04:30, 13:00 & 20:00 h for those 162 
with 3 daily milking times.   163 
 164 
In addition to the cyclical temporal patterns discussed above, there may be longer-term temporal 165 
trends that can affect the average pH on this longer time scale. Therefore, before fitting the linear 166 
model, a generalized additive model (GAM) was used to account for the longer-term changes in pH 167 
between days within each individual animal. A separate GAM was fitted to the pH data series from 168 
each animal using the mgcv package (Wood, 2011) for R (R Core Team, 2016), and the estimated 169 
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spline functions were extracted and used to generate offset covariates for the linear model for each 170 
animal.  171 
 172 
The complete set of observed pH data (616,945 observations from 93 animals) was then fit to the 173 
linear model with 2 sinusoidal functions, using offset covariates obtained from the GAM. Each 174 
model incorporated linear parameters of α1 & β1 for the daily sine wave, α2 & β2 for the milking-175 
frequency sine wave, and fixed effects of farm and animal. The equation for the main effects of this 176 
model is given below: 177 
 = 	  +  +  +  sin  +  cos  +  sin  +  cos  ! 		+		 "#$	% 
Where c is the intercept,	is the main effect associated with the relevant farm, is the main effect 178 
associated with the relevant animal, θD represents the time of day, θM represents the time elapsed 179 
since the last milking event, sa is a smoothed spline function for animal a, and t is the time elapsed 180 
since the start of the pH series for that animal (date and time). The 2 sets of square brackets denote 181 
the elements of the model fitted using the linear model (left) and GAM (right). The models were 182 
fitted using R (R Core Team, 2016), including all 4 interactions between and the α1, β1, α2 & β2 183 
parameters, as well as all 4 interactions between  	and the α1, β1, α2 & β2 parameters. 184 
 185 
Statistical Methods for Individual Animal Data 186 
 187 
A more complex modeling procedure was then used in order to further examine the nature of any 188 
differences in pH patterns between animals. These models were fitted to the data series from each 189 
animal separately, so that the estimated patterns obtained from each animal were not influenced by 190 
the data from other animals.  191 
 192 
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The standard sine wave model was extended to allow the value of the 2 rates of change to vary, so 193 
that the increase in pH from the minimum to maximum value might occur more quickly than the 194 
decrease in pH from the maximum to minimum value. Such extensions to the standard sine wave 195 
are not possible using a linear model system, but can be made using a non-linear model system. A 196 
non-linear periodic function was therefore written to extend the standard sine wave model with an 197 
additional parameter to allow the shape of the wave to be skewed so that the minimum trough 198 
points could be moved relative to their standard equidistant position between maximum peaks. This 199 
mechanism allows a skew parameter, γ, to control the rate of change for increasing and decreasing 200 
pH phases while still retaining the amplitude, periodicity and phase of the standard sine wave 201 
model. This parameter is also defined on the interval (-∞, ∞) to facilitate estimation, although it is 202 
subsequently transformed to the interval (-0.5, 0.5) using a scaled and re-centered logistic 203 
transformation. The final skewed sine wave is therefore a non-linear function of θ (which is derived 204 
from the time of day, as discussed below) and the 3 parameters α, β & γ. The R code that 205 
implements this non-linear function is given as an online supplement, and examples of the output of 206 
this function for a small number of possible values for γ are shown in Figure 2. Note that the 207 
standard sine wave is a special case of this function with skew parameter γ = 0, which was also used 208 
as a baseline model to test the improvement in model fit achieved by allowing γ to vary. The 3 209 
parameters α, β & γ of the non-linear function were optimized simultaneously using the nlsLM 210 
function in the minpack.lm package (Elzhov et al., 2013) for R (R Core Team, 2016). 211 
 212 
As with the simpler models described above, 2 separate sine waves with frequencies of 1 oscillation 213 
per 24 hours and either 2 or 3 oscillations per 24 hours were used to explain diurnal variation and 214 
the influence of farm management factors associated with the frequency of daily milking. A GAM 215 
was also used to account for longer-term temporal trends within each animal as before, although the 216 
GAM and non-linear components were fitted iteratively (each using the estimates from the other 217 
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model as fixed covariates) for this more complex model, to allow the combined likelihood to be 218 
maximized. The complete model for each animal is represented by the equation below: 219 
 = 	 " + f , , , '	 + f , , , '	% 		+ 		 "s$	% 
Where the function f is the skewed sine function, s is a smoothed spline function, θD represents the 220 
time of day, θM represents the time elapsed since the last milking event, and t is the time elapsed 221 
since the start of the pH series for that animal (date and time). The 2 sets of square brackets denote 222 
the non-linear (left) and GAM (right) elements of the model. 223 
 224 
Model fit for the more complex models was compared in 2 distinct ways. Firstly, Akaike's 225 
Information Criterion (AIC; Akaike, 1973) was compared between the models, with the total 226 
number of degrees of freedom equal to the number of parameters in the non-linear model plus the 227 
effective number of parameters used by the GAM. The motivation for this was to assess the 228 
improvement in statistical fit obtained from increasing the complexity of the model for each animal. 229 
Secondly, the incremental reduction in residual variance was evaluated from each successively 230 
more complex model. The motivation for this was to assess the biological impact of the more 231 
complex relationships in the model in terms of the variance explained. To simplify model 232 
comparisons, the skew parameter was also included in the milking-related sine wave function if 233 
including the same parameter in the daily sine wave function improved the AIC of the model. An 234 
additional comparison was made between the 4 different possibilities for milking-related sine waves 235 
(twice and 3 times daily, each spaced equally or corresponding to approximate milking times), 236 
which had equal degrees of freedom permitting a direct comparison of the maximized likelihoods.  237 
 238 
 239 
Identifying Abnormalities in pH 240 
 241 
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The magnitude of the residuals (difference between the pH values predicted by a fitted model and 242 
those observed from the data) can be used to identify periods during which abnormalities have 243 
occurred. Residuals can be calculated as either signed or absolute, with the former taking into 244 
account the difference between positive residuals (underestimates) and negative residuals 245 
(overestimates), and the latter removing the sign so that only the magnitude is recorded. We 246 
summarized these residuals over 24-hour periods, so that the degree of predictability or abnormality 247 
was quantified for each animal and observed day. Rather than basing the predictions on the entire 248 
data series, the model from which predictions were made was sequentially re-fit to a subset of the 249 
pH data for each observed day. This data subset excluded the 3-day period of observations from the 250 
day before to the day following that for which predictions and residuals were to be calculated, thus 251 
avoiding any potential bias from including the same data in calculating both the model fit and 252 
residuals. Each animal was modeled separately using the best-fitting model for the separate data, as 253 
described above. 254 
 255 
Residuals from each separately fitted model were calculated for the relevant day, and the results 256 
combined into a single series of residuals for each observation per animal. These were subsequently 257 
summarized for each 24-hour time period into (1) the mean of the residuals for the day and (2) the 258 
mean of the absolute residuals for the day, which respectively represent (1) a period of unexpected 259 
sustained acidosis or alkalosis and (2) a period of unpredictability in pH (regardless of direction).  260 
Summary statistics based on the raw data were also used, representing (3) the number of pH 261 
observations for that day that were greater than an animal-specific upper threshold and (4) the 262 
number of pH observations that day that were lower than an animal-specific lower threshold. These 263 
thresholds were taken from the 1
st
 and 99
th
 percentile (i.e. 1% most acidic and 1% most alkaline) 264 
over the entire observation period for that animal, as previously calculated. These summary 265 
Page 11 of 35
ScholarOne support: (434) 964 4100
Journal of Dairy Science
For Peer Review
 12
statistics were intended to be closer in concept to the traditional pH threshold for declaring acidosis, 266 
with the exception of using an animal-dependent threshold. 267 
 268 
Relating Abnormalities to Production Characteristics 269 
 270 
To demonstrate the ability of our statistical methods to identify abnormalities in pH series, we 271 
related the 4 daily summary statistics given above to contemporary daily measurements of dry 272 
matter intake and milk yield available for the 24 animals in herd B1. The Ali-Schaeffer curve (Ali 273 
and Schaeffer, 1987; Buttchereit et al., 2010) was used to standardize the observed daily milk yields 274 
by days since the start of the lactation, in order to simplify the comparisons. Multivariate linear 275 
mixed effects regression models were used to model the daily productivity of all 24 cows, using the 276 
cow ID as a random effect, and fixed effects relating to the 4 summary statistics of pH 277 
measurements and model predictions, as given above. Separate models were fitted to the 2 278 
productivity parameters of dry matter intake recordings and standardized milk yields, using 279 
identical predictor variables. The data were aligned so that summary statistics for pH measurements 280 
and model predictions were used from 2 days before the corresponding productivity observations, 281 
in order to maximize the potential predictive ability of the model by using the smallest time lag that 282 
would be useful in practice. All linear mixed effects regression models were fitted using the lme4 283 
package (Bates et al., 2014) for R (R Core Team, 2016). 284 
 285 
RESULTS 286 
 287 
Summary Statistics 288 
 289 
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The number and length of pH series obtained are shown in Table 1, and the mean and variance of 290 
individual animal pH series are shown in Figure 3. There is a substantial variation in the individual 291 
animal characteristics of pH, although there was also a significant effect of farm on the mean 292 
(p < 0.001, adjusted R
2
 = 0.32), variance (p < 0.001, adjusted R
2
 = 0.44), 1
st
 percentile (p=0.002, 293 
adjusted R
2
 = 0.20) and 99
th
 percentile (p < 0.001, adjusted R
2
 = 0.37) of the observed pH 294 
measurements for each animal. 295 
 296 
Combined Data Results 297 
 298 
Modeling results from the combined dataset are shown in Table 2. The mean squares estimates 299 
indicate that both daily and milking-frequency sine waves are important components of pH 300 
variation, and that mean pH varies dramatically between farms (and to a lesser extent between 301 
animals on the same farm). The results also suggest that the precise pattern of pH variation varies to 302 
some extent between farms, but appears to be more consistent between animals on the same farm. 303 
F-tests indicated that all fixed effect terms and interactions were significant (p < 0.001), although 304 
these p-values should be interpreted with caution due to the non-independence of residuals in the 305 
fitted model. 306 
 307 
Individual Animal Data Results 308 
 309 
For the purposes of illustration, the 3 individual components of the more complex statistical model 310 
corresponding to the GAM, daily-frequency sine wave and milking-frequency sine wave (as 311 
estimated from the data for 2 representative animals) can be seen in Figure 4. The proportion of the 312 
variance explained by the GAM component was between approximately 0% and 90%, depending 313 
on the animal (Figure 5a). Adding a sine wave to account for daily cyclical variability accounted for 314 
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between 10% and 70% of the remaining variance, whereas adding a skew parameter γ and a second 315 
sine wave corresponding to known milking times generally accounted for less than 10% of the 316 
remaining variance (Figure 5b-d). One interesting exception is that the milking-related sine wave 317 
accounted for between 7% and 35% of the remaining variance for all 24 animals on farm B1. A 318 
comparison of model fit using AIC indicated that the addition of the skew parameter γ was 319 
supported for 82 of the 93 animals (Table 1), and the addition of the second sine wave was 320 
supported for 92 of the 93 animals. Models including the correct milking frequency were preferred 321 
for 61 of the 93 (66%) animals, and models with the second sine wave adjusted to match the 322 
interval between milking events were preferred to models with regularly spaced time intervals for 323 
72 out of the 93 (77%) animals.   324 
 325 
The daily pattern corresponding to the maximized likelihood of the models including a single sine 326 
wave with skew parameter (for ease of comparison between farms) is shown in Figure 6. The skew 327 
parameter (allowing different rates of increasing vs. decreasing pH) varied between data series, with 328 
46 showing a substantially faster increasing vs. decreasing pH, 29 showing a substantially faster 329 
decreasing vs. increasing pH, and the remaining 102 data series estimated as close to a standard sine 330 
wave. The amplitude was estimated between 0.1 and 0.2 pH units for most animals. The plotted 331 
curves show a high degree of consistency for all animals in terms of the period of peak pH around 332 
06:00 – 08:00 h, with a corresponding trough at around 18:00 h (Figure 6). The patterns appear to 333 
be more consistent within farm than between farms, for example farm A6 shows a very similar 334 
signature for all animals that is almost unique to that farm. However, farm B1 shows 2 apparent 335 
sub-groups of animals with patterns resembling those from farms B4 and A6, respectively, and 336 
there is also an individual pattern that does not closely resemble the majority at farms B3, A3, & 337 
A4. This suggests that despite the general consistency within a farm, individual-cow factors can 338 
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result in unusual patterns in some animals relative to their herd mates. There is also a large amount 339 
of variation in the estimated mean pH values among animals, even within the same herd.   340 
 341 
Relating pH Abnormalities to Production Characteristics 342 
 343 
A total of 1,044 days of pH observations and model residuals were summarized for the 24 animals 344 
in herd B1. The patterns of mean residual and mean absolute residual indicated some similarities 345 
due to the correlation between the measurements (Supplemental Figure S1). Most animals showed 346 
little qualitative evidence of strongly 'abnormal' events, but deviations could be detected visually, 347 
for example towards the end of the series in animals 5, 6 and 11. These 3 events seem to be 348 
concurrent with abnormally high numbers of extreme pH observations (Supplemental Figure S2), 349 
although the latter plot is more difficult to interpret. 350 
 351 
There was a total of 1,043 observations of daily dry matter intake and 970 observations of daily 352 
milk yield (after correcting for stage of lactation) that could be related to the pH observations in the 353 
24 animals from herd B1. Results of the 2 multivariable models show that an increasing daily mean 354 
absolute residual had a significant (p < 0.001) and strongly negative effect on both production 355 
characteristics (Table 3). In contrast, neither the daily mean residual nor the number of extreme pH 356 
observations (either high or low pH) had a significant effect on either milk yield or dry matter 357 
intake. This indicates that deviations from a predictable daily rhythm (as represented by the mean 358 
absolute residual) are associated with decreased productivity, whereas neither changes in the daily 359 
average pH (as represented by the daily mean residual) nor extreme pH events are directly 360 
associated with productivity. 361 
 362 
 363 
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DISCUSSION 364 
 365 
This manuscript gives an overview of the characteristics of 93 continuously monitored pH data 366 
series obtained from animals from 13 different farms. No clinical or subclinical pathology 367 
(including digestive alterations) had been reported in these animals, so the results can be considered 368 
as a baseline of normal activity over a range of animals, although the possibility of undetected sub-369 
clinical disease in some animals cannot be excluded. The importance of the observed daily 370 
fluctuation is striking, indicating that a consistent and substantial difference in pH should be 371 
expected between samples taken in the evening vs. early morning. There were also stronger 372 
similarities between animals from the same farm than from different farms, presumably resulting 373 
from a range of dietary and management factors affecting the daily pH cycle of the rumen. 374 
However, there were also substantial differences between animals, particularly in terms of the 375 
average pH observed during the study, and the proportion of the overall variance that could be 376 
attributed to long-term predictable changes in pH and short-term cyclical behavior. There was also 377 
potentially biologically interesting variation in the peak difference in pH (amplitude) between 378 
animals, and particularly between farms. There was also substantial longer-term temporal variation 379 
in some animals, which may reflect either gradual changes in pH function (due to e.g. dietary 380 
factors) or pH drift in the sensors, and necessitated the use of a GAM. 381 
 382 
The model-fit comparison also allows some recommendations to be made in terms of modeling 383 
these data for other purposes. The addition of a sine wave to explain short-term variation in pH was 384 
strongly justified for all animals, and was able to account for a substantial portion of the observed 385 
variation in pH, suggesting that simple daily cyclic activity should be accounted for, particularly 386 
when comparing pH values observed at different times of the day. The addition of a second sine 387 
wave to account for management factors associated with the known frequency of milking was also 388 
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supported, although this had less influence than the main sine wave. Results from the simpler linear 389 
model indicate relatively little variation in the parameters of these sine waves between animals on 390 
the same farm, which could justifiably be ignored in some situations. However, we recommend that 391 
differences in temporal variation between farms and inconsistent mean pH between animals on the 392 
same farm should always be taken into account. The addition of a skew parameter to allow pH to 393 
increase and decrease at different rates was also supported for the majority of animals, but had a 394 
much smaller role in explaining the variance and requires the use of more complex non-linear 395 
models. However, further research is warranted into the potential nutritional implications of this 396 
imbalance between the rates of increase and decrease in pH. Finally, the fact that the ‘correct’ 397 
frequency of milking was not consistently identified on most farms suggests that the improved fit of 398 
these models is partly due to the effects of fitting an additional harmonic frequency rather than a 399 
mechanistic effect related to milking. However, farm B1 consistently showed a substantially 400 
improved fit when including the correct frequency, and for the timings linked to the estimated 401 
milking times rather than equally spaced throughout the day, suggesting that the sine wave reflects 402 
a real process on this farm. This could indicate a high degree of regularity in the relevant factors 403 
associated with the daily schedule of this farm (such as feeding times), which is far more likely to 404 
be the true cause of regular pH patterns than the milking process itself. Note that the most relevant 405 
management factors need not occur at the same time as milking, as each sine wave allows the 406 
peak/trough time to occur at any point during the cycle for each animal independently; only the 407 
frequency is fixed. 408 
 409 
The focus of this manuscript is on providing an insight into the variation of qualitatively 'normal' 410 
pH series between dairy cattle within and between farms. However, the ultimate goal of monitoring 411 
reticuloruminal pH is not to describe normality, but to detect situations where there is evidence for 412 
an abnormal pattern. Although they are not standard threshold pH values, the 1
st 
and 99
th
 percentiles 413 
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for each animal were chosen to reflect the relatively unusual observations within pH series that did 414 
not contain observations generally considered to be extreme. There was no association between 415 
productivity and the frequency of these ‘extreme’ pH observations. However, using the mean 416 
absolute residual between the fitted model and observed data over a daily time period, we have 417 
demonstrated that it is possible to predict changes in the milk yield and dry matter intake of the 418 
cow, even when based on data from clinically normal cows. Further work is required to refine this 419 
system in order to optimize the sensitivity to changes in pH variability, and to develop models for 420 
real-time monitoring that are able to continuously adapt to the specific pH pattern of an individual 421 
animal based only on the previously observed values. A key goal of further research will be to 422 
investigate the predictive utility of reticuloruminal pH measurements based on past measurements, 423 
perhaps using a method such as a DLM (Madsen et al., 2005; Bono et al., 2012; Jensen et al., 2017).  424 
Using residuals from a DLM was previously shown to be useful for detecting specific production-425 
relevant events such as mastitis in dairy cows (Jensen et al., 2016) and oestrus in group-housed 426 
sows (Ostersen et al., 2010), as well as non-specific events in animal production (Madsen and 427 
Kristensen, 2005; Cornou et al., 2008). Multivariate DLM also allows data series gathered from 428 
multiple different sources to be modeled simultaneously, and the covariance between the different 429 
variables to be taken into account when forecasting expected observations (Jensen et al., 2015, 430 
2016). It is therefore likely that using both reticuloruminal pH and feed intake data with a combined 431 
model would result in improved performance in detecting undesirable events when compared to pH 432 
data alone. 433 
 434 
CONCLUSIONS 435 
 436 
Continuously monitored reticuloruminal pH data show a strong and predictable short-term pattern 437 
that is well described by a simple sine wave with a frequency of 1 cycle per day. More complex 438 
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models, including an additional sine wave and a skew parameter, give incrementally smaller 439 
additional benefits, but can be used to demonstrate differences between animals. Deviations from 440 
the expected daily cyclical variation were significantly associated with reduced production, but 441 
there was no apparent effect of 'extreme' pH observations on productivity. We therefore conclude 442 
that future efforts to describe continuously monitored pH data should be based on deviations from 443 
an expected predictable rhythm rather than observed measurements below some arbitrarily defined 444 
pH threshold. 445 
 446 
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Table 1.  The number of pH series per farm, mean (range) number of pH observations per animal, 517 
mean (range) length of time represented within the time series, and the number of time series for 518 
which AIC demonstrated the best model fit for a simple sine wave (2 degrees of freedom), sine 519 
wave with skew parameter (3 degrees of freedom), double sine wave with a second wave describing 520 
the known milking events (4 degrees of freedom), and both double sine wave and skew parameters 521 
(6 degrees of freedom) 522 
Farm Animals Observations Days Sine Skew Double Both 
A1 5 
7,125 
(7,120 - 7,129) 
49.5 
(49.5 - 49.5) 
0 0 2 3 
A2 2 
4,520 
(1,912 - 7,129) 
31.4  
(13.3 - 49.5) 
0 0 0 2 
A3 6 
6,812  
(6,528 - 7,099) 
47.5  
(45.5 - 49.5) 
0 0 1 5 
A4 11 
6,403  
(4,829 - 7,129) 
44.5  
(33.5 - 49.5) 
0 0 1 10 
A5 3 
7,107  
(7,081 - 7,121) 
49.5  
(49.5 - 49.5) 
0 0 1 2 
A6 5 
5,267  
(4,743 - 5,460) 
36.6  
(33.0 - 37.9) 
0 0 0 5 
A7 6 
6,929  
(6,522 - 7,129) 
48.1  
(45.3 - 49.5) 
0 0 0 6 
A8 7 
7,113  
(7,026 - 7,129) 
49.4  
(48.8 - 49.5) 
0 0 1 6 
B1 24 
6,598  
(6,595 - 6,600) 
45.8  
(45.8 - 45.8) 
0 0 0 24 
B2 6 
6,273  
(2,046 - 7,129) 
43.6  
(14.3 - 49.5) 
0 0 2 4 
B3 4 
7,044  
(6,792 - 7,129) 
48.9  
(47.2 - 49.5) 
0 0 1 3 
B4 6 
7,116  
(7,097 - 7,129) 
49.5  
(49.5 - 49.5) 
0 0 0 6 
B5 8 
6,886  
(6,643 - 7,122) 
48.0  
(46.4 - 49.5) 
1 0 1 6 
  523 
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Table 2:  Sums of squares, degrees of freedom and mean squares obtained from a linear model 524 
fitted to 616,945 pH observations from 93 animals on 13 farms. Fixed effects of farm, animal, α1 & 525 
β1 for the daily sine wave, and α2 & β2 for the milking-frequency sine wave were fitted along with 526 
interactions, as indicated. The values for the corresponding α & β effects have been combined to 527 
give an overall estimate for the relevant model component. Effects of farm and animal represent 528 
differences in mean pH, effects of daily and milking sine waves reflect the importance of short-term 529 
temporal variation, and interactions indicate the variation in patterns between animals and farms. 530 
 531 
Model Component Sum of Squares Degrees of Freedom Mean Squares 
Farm 8,422.9 12 701.9 
Animal 12,508.2 80 156.4 
Daily Sine Wave 3,435.8 2 1,717.9 
Milking Sine Wave 567.7 2 283.9 
Farm : Daily Sine 
(interaction) 
573.3 24 23.9 
Farm : Milking Sine 
(interaction) 
539.2 24 22.5 
Animal : Daily Sine 
(interaction) 
578.6 160 3.6 
Animal : Milking Sine 
(interaction) 
325.6 160 2.0 
Residuals 18,108.2 616,480 0.0 
  532 
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Table 3.  Estimates obtained from 2 multivariable linear mixed models relating 4 different daily pH 533 
summary statistics to the daily corrected milk yield and daily dry matter intake observed 2 days 534 
later. Summary statistics are mean residual pH, mean absolute residual pH and number of pH 535 
observations below and above the most extreme 1% values for that animal 536 
 537 
 Daily corrected milk yield Daily dry matter intake 
Estimate p-value Estimate p-value 
Mean residual -0.137 0.911 0.019 0.988 
Mean absolute residual -8.633 < 0.001 -8.698 < 0.001 
Number of obs. below lowest 1% 0.041 0.056 0.015 0.530 
Number of obs. above highest 1% 0.003 0.877 0.018 0.396 
 538 
 539 
 540 
  541 
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FIGURE LEGENDS 542 
 543 
Figure 1. A flow-chart representation of the complete analysis procedure as used for this 544 
manuscript, with reference to the sections given in Materials and Methods. 545 
Figure 2. Examples of sine waves for θ in the interval [0, 2π] corresponding to the complete range 546 
of values in e.g. time of day. The skew parameter γ is shown varying in the set 0 (a), 1.5 (b), -0.5 547 
(c), -3 (d) with constant phase shift (θ0 = 0) and amplitude (A = 20) parameters. Note that the 548 
standard sine wave is a special case of γ = 0 549 
Figure 3. The raw mean (a) and raw variance (b) in pH series obtained from 93 animals from 13 550 
farms 551 
Figure 4. Illustration of the pH observations (grey dots) recorded over a 1-week period for a 552 
randomly chosen animal from each of herd B1 (left) and A1 (right), overlaid with the predictions 553 
from the GAM (top row), sine wave with daily frequency (2nd row), sine wave with milking 554 
frequency (3rd row), and combination of these 3 elements of the model (bottom row) 555 
Figure 5. The proportion of the total variance explained by a GAM (a), as well as the proportion of 556 
the remaining variance explained by adding a single sine wave (b), a skew parameter (γ) to this sine 557 
wave (c), and then a second sine wave to fit the known milking times on the farm (d) 558 
Figure 6. The fitted prediction from a single sine wave (including skew parameter) fitted to pH 559 
series obtained from 93 animals from 12 farms (longer-term variability modeled by the GAM is 560 
ignored) 561 
Supplemental Figure S1. The calculated daily mean residual (dashed line) and mean absolute 562 
residual (solid line) obtained from 24 animals on farm B1 563 
Page 26 of 35
ScholarOne support: (434) 964 4100
Journal of Dairy Science
For Peer Review
 27
Supplemental Figure S2. The daily number of pH observations above the highest 1% (crosses) and 564 
below the lowest 1% (dots) of all pH values for that animal, obtained from 24 animals on farm B1 565 
 566 
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